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Although implementation of the Medicare prospective payment system has been
accompanied by significant decreases in hospital length of stay, the early discharge
of some patients may lead to worse health outcomes, particularly if sufficient
aftercare services following hospitalization are not available. This article develops
an empirical model of the relationship between the choice of length of stay and
patient outcome. The model incorporates information on the severity of a patient's
medical condition known by the physician who chooses length of stayfor a patient
but generally not known by a researcher interested in thefactors that affect length of
stay and health outcome. Joint estimation ofequationsfor length of stay and health
outcome controlsfor unmeasured aspects of case severity that affect both variables.
The ratio ofnursing home beds to Medicare enrollees in the county is included as an
exogenous variable in both equations to assess whether variation in nursing home
bed availability is correlated with length of stay or health outcome.
The model is estimated using billing data for Medicare patients admitted
with congestive heartfailure to New Jersey hospitals during 1982 and 1983. Two
measures of outcome are used: (1) a discrete measure of survival time following
admission, and (2) a categorical measure of whether or not the patient was
discharged dead or died within six months after discharge. Empirical results show
no evidence that longer lengths of stay for congestive heart failure patients lead to
lower postadmission mortality. However, greater availability of nursing home beds
may reduce length ofstay and may shift the provision of terminal care awayfrom a
hospital setting. Therefore, policies to expand the nursing home bed supply may
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enable further decreases in hospital length of stay without deleterious effects on
patient outcome.
OVERVIEW
Implementation of diagnosis-related group (DRG) reimbursement
under the Medicare prospective payment system (PPS) has been
accompanied by a significant decrease in hospital length of stay, as
noted by Guterman and Dobson (1986). Some of the decrease in length
of stay may result from elimination of medically unnecessary days of
care, while other portions of the decrease may be due to earlier dis-
charges home or to a less intensive level of care. For example, Neu and
Harrison (1988) showed that the proportion of Medicare patients using
skilled nursing facility (SNF) care or home health care following hospi-
tal discharge increased after implementation of PPS. The authors also
found evidence that SNF care may be substituting for hospital care and
that greater availability of SNF care may be reducing hospital length of
stay for patients who can be transferred to a lower level of care. Similar
results were not found for home health care, however.
Nevertheless, concern exists that early discharge of some patients
may lead to worse health outcomes, particularly if sufficient posthospi-
tal services are not available. The Prospective Payment Assessment
Commission (ProPAC) (1988) has indicated that utilization of SNF
and home health services per Medicare beneficiary peaked around
1985, but subsequently declined. Even if sufficient posthospital ser-
vices are available, financial barriers may cause a problem of access for
some patients, as noted by the Office of Technology Assessment
(1985). For example, some nursing homes may try to avoid admitting
Medicaid patients because of the lower payment rate.
Given these considerations, it is of interest to focus on the choice
of length of stay, the effect on that choice of the availability of posthos-
pital services, and the health outcomes experienced by patients. This
article models a medical provider's choice of length of stay per admis-
sion and relates length of stay to patient outcome. One special feature
of the model is that, by jointly estimating equations for length of stay
and health outcome, it is possible to control for information on case-
mix severity observed b-y the medical provider but not known retro-
spectively by someone analyzing the relationship between length of
stay and patient outcome. The model is estimated for two measures of
health outcome using Medicare billing data from 1982 and 1983 for
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congestive heart failure patients in New Jersey. The ratio of nursing
home beds to Medicare enrollees in the county is included as an exoge-
nous variable in both equations to assess the relationship of nursing
home bed availability to length of stay and patient outcome.
A MODEL OF LENGTH
OF STAY AND HEALTH
OUTCOME
The financial incentives under DRG reimbursement affect hospitals
directly but physicians only indirectly, since physicians are still paid
according to fee-for-service reimbursement. To the extent that a physi-
cian acts as an agent for a hospital, the physician may try to decrease
the length of a patient's stay. However, a physician also acts as an agent
for a patient and may therefore try to choose a length of stay that
maximizes the probability of a good outcome. The final choice of
services most likely represents a balance between these two incentives.
The physician observes a number of factors about the patient's
medical condition that affect the choice of length of stay. Two impor-
tant points may be made about the information on case severity that
the physician observes. First, these factors are highly correlated with
the health outcome experienced by the patient after treatment; a
patient who is severely ill may receive a greater-than-average length of
stay but may also be at greater risk of experiencing a bad health
outcome. Second, this additional patient information is not observed
directly by a researcher interested in issues of length of stay and health
outcome, nor are most of the factors easily captured in the data systems
that are currently available.
It is possible to develop an empirical model that embodies the
endogeneity of services, the relation between length of stay and out-
come, and the use of relevant information that is available if both
length of stay and outcome are known. The approach is similar to
Rosenzweig and Schultz's (1983) study of the demand for health inputs
and their effect on birth weights. These authors estimated reduced-
form demand functions for health outcomes under the assumption that
individual households are aware of variations in their health endow-
ment that are not known by researchers. In the model developed in this
article, providers have more information on the patient's medical con-
dition at the time of treatment than would an analyst conducting a
retrospective study, and the providers are therefore in a better position
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to know the marginal effect of an additional inpatient day on the
patient's expected outcome.
Length of stay for the ith patient may be modeled as a function of
a vector Xi of patient, provider, and area characteristics, and a random
component ui:
Q= q(Xi,ui) = ao + a1X+u (1)
This equation is simply a reduced-form specification for length of stay.
A more complicated model could incorporate additional equations for
other measures of services per admission, such as ancillary services.
However, focusing on length of stay is appropriate given the wide-
spread concern with incentives to reduce length of stay under DRG
reimbursement. The error term ui includes, among other things,
patient characteristics that are observed by the physician and affect the
choice of length of stay but are not known by the researcher.
Health outcome for the ith patient may be modeled as a function
of length of stay Qi; patient, provider, and area characteristics Xi; and a
random component ei:
Hi = h(Q ,Xi,ei) = bo + bIQ +b2X. + ei (2)
The error term ei is a random variable distributed over all patients;
neither the physician nor the analyst knows the value of ei, although
they both may know the distribution. However, ei undoubtedly
includes some of the unmeasured aspects of case-mix severity that were
observed by the physician in choosing length of stay, as well as other
random determinants of health outcome.
The sign of the coefficient b, is of key interest. If it were possible to
control perfectly for case-mix severity, then estimation of the health
outcome equation would provide empirical evidence of whether
patients receiving longer lengths of stay are also experiencing better
outcomes. However, if it is not possible to control for case severity,
then length of stay may function as a measure of case-mix severity and
may be positively correlated with worse outcomes. For example,
Morlock et al. (1979) found that in-hospital mortality rates (a "worse
outcome") were positively and significantly correlated with length of
stay, implying that people who were kept longer were more likely to die
despite the fact that for many patients a longer length of stay (at least
up to a point) will lead to a better outcome.
Technically, single-equation estimation of the health outcome
equation results in a biased estimate of the relationship between length
of stay and health outcome, due to the correlation between length of
stay Qi and measures of case-mix severity included in ei. The direction
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of the bias will depend on two things: the correlation between the
unobserved measures of case-mix severity and length of stay; and the
correlation between the unobserved measures of case-mix severity and
the dependent health outcome variable. In this example, it may be
hypothesized that the first correlation is positive (sicker people must
stay longer) and that the second correlation is also positive (sicker
people are more likely to have a bad outcome). Under these conditions,
the coefficient estimate is biased in a positive direction (see Kmenta
1971), indicating that the positive significant coefficient found by
Morlock may not be a good indicator of the true relationship between
length of stay and health outcome.
As noted earlier, both of the error terms u, and ei in the above
model include unobserved measures of case-mix severity that affect the
choice of length of stay and health outcome. By estimating the two
equations jointly as a simultaneous system of equations, it is possible to
control for the correlation in the error terms from the two equations.
This procedure reduces the role of length of stay as a measure of case
mix and provides an unbiased estimate of the relationship between




Postadmission mortality can be used as an outcome measure in esti-
mating the model. While more refined measures of health or functional
status are obviously desirable, a mortality measure can be obtained
from data systems that are currently available and can be linked with
large billing files at reasonable cost. Researchers may be able eventu-
ally to study more precise measures of outcome, but determination of
whether length of stay reductions lead to shorter survival times follow-
ing hospital admission is an important initial assessment, especially for
the medical condition of congestive heart failure.
The mortality measure is defined as postadmission mortality
rather than postdischarge mortality in order to include patients who die
in the hospital as well as patients who die after discharge. The inclusion
of in-hospital deaths in a model of a provider's choice of lengths of stay
is subject to some debate, since the physician may not make a con-
scious choice of length of stay for these patients, especially for patients
who die within a few days of admission. However, DRG reimburse-
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ment may affect decisions about the care delivered to terminally ill
patients, particularly if the patient can be transferred to a nursing
home. A physician may be more likely to discharge a terminally ill
patient to nursing home care if a bed is available, but it may be
necessary to keep a terminally ill patient in the hospital for a longer
period of time if the nursing home bed supply is limited.
One major disadvantage with using mortality as an outcome mea-
sure is the fact that the cause of death for patients who die following
discharge is not available on most data bases, and many patients may
die from some competing risk rather than from the cause of the admis-
sion (e.g., a congestive heart failure patient may die because of a
stroke). Being able to control for competing risks is highly desirable
and would greatly enhance the analysis. However, if a patient is subject
to competing risks (i.e., if he or she has severe comorbid conditions),
then that patient is likely to be kept in the hospital longer and is also
less likely to survive for a longer period of time after discharge. This
relationship is the basis for the estimation performed, and the inability
to control for competing risks does not significantly lessen the value of
the analysis.
The estimations for this study are done using two different mea-
sures of survival following admission. One measure is the number of
days a patient was alive following admission, which allows an assess-
ment of the distribution of suivival times. The measure is censored for
patients who were not dead at the time the data base was created, and
special analytic techniques must be used to account for the censoring.
A second measure used herein is a categorical indicator of whether
the patient was discharged dead, was dead within six months after
discharge, or was alive at six months after discharge. The second
measure allows a specific focus on the issue of whether nursing home
bed availability may affect decisions on providing terminal care.' One
disadvantage of the categorical measure is that the choice of six months
as a cutoff point is arbitrary and is not related to a specific aspect of




Hornbrook and Goldfarb (1981) stressed the importance of performing
utilization analyses for individual diagnoses in order to separate the
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effect of physician and hospital characteristics from variation due to
different medical conditions. The Office of Technology Assessment
(1983) also recommended that studies assessing variations in length of
stay and their relation to outcome should be done separately for differ-
ent medical conditions. Therefore, the estimation will be conducted for
a single diagnosis, congestive heart failure, using Medicare patient
data from New Jersey in order to assess the usefulness of the model.
The selected cases, the DRG system in New Jersey, the data used for
the estimation, and the availability of nursing home beds in New
Jersey are described below.
CONGESTIVE HEART FAILURE
Congestive heart failure (CHF) occurs when both sides of the heart fail.
CHF was selected for analysis primarily because of its frequency as a
cause of both hospital admission and death among the Medicare popu-
lation. CHF,is the most frequent diagnosis in DRG 127 (Heart Failure
and Shock), although some cases ofCHF are attributed to DRGs other
than DRG 127 if certain procedures, such as bypass surgery or cardiac
catheterization, are performed. The estimation is done using cases that
have the following two characteristics: (1) a principal diagnosis ofCHF
(ICD-9-CM code 428.0); and (2) no principal procedure code that
would have excluded the case from being classified into DRG 127,
even though the patients may have had some other procedure. These
selection criteria were used to identify a set of cases in the same DRG
with a similar diagnosis receiving comparable types of care.
Various studies have already been done assessing the health out-
come and posthospitalization care needs of patients with CHF or in
DRG 127. Estimates of the use of nursing home care following dis-
charge for patients with CHF or in DRG 127 range from 8.1 percent to
12.5 percent, while estimates of the use of home care services range
from 2.8 percent to 17.8 percent.2 DRG 127 was the third most fre-
quent DRG resulting in nursing home admission in a study using 1980
data from Maryland nursing home data by Meiners and Coffey (1984).
Because of its prevalence, CHF is likely to receive increasing scrutiny
in future studies of quality and outcome of care. For example, Rich
and Freedland (1988) show that the rate of early readmission following
hospitalization for CHF cases decreased immediately following imple-
mentation of the Medicare PPS.
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THE NEW JERSEY DRG PROGRAM
An all-payer, diagnosis-based reimbursement system was implemented
by the state ofNew Jersey in 96 acute care hospitals from 1980 to 1982.
Various studies (Health Research and Educational Trust 1984; Rosko
and Broyles 1987; and Hsiao et al. 1986) show that admissions
increased and length of stay decreased after the implementation of
DRG payment. The New Jersey DRG system is described in detail in
Grimaldi and Micheletti (1983).
DATA SOURCES
Patient data are from the Health Care Financing Administration
(HCFA) Medicare Provider Analysis and Review (MEDPAR) Part A
billing record file. This file contains a 20 percent sample of all
Medicare hospital admissions. Records for acute care admissions to
NewJersey hospitals from 1982 and 1983 were selected for use. HCFA
merged this file with a computerized file of death certificates and added
the date of death to the file for patients who were discharged alive but
subsequently died.3 Only admissions for patients age 65 or older were
used, resulting in a total of 4,814 observations for the analysis. The
length of time (number of days) until death following discharge was
calculated for patients who were dead at the time the file was created. A
censoring indicator was created to identify patients who were still alive
at the time of construction of the data base, and categorical variables
indicating death following discharge within designated time periods
were constructed.
Descriptive statistics are provided in Table 1, and Appendix A
contains a list of the variables and their sources. The patients were 78
years old on average, 52 percent were male, 90 percent were white,
and 90 percent did not have a principal procedure. Thirty-two percent
of the cases were payment outliers due to excessively short or long stays
or due to in-hospital death. The average length of stay was 12.4 days,
and 12.4 percent of the cases were discharged dead.
Data for patients at New Jersey hospitals that merged during the
years 1979 to 1983 were not available. Facility level data for the 85
hospitals represented in the sample come from several sources. Basic
facility characteristics coded on the Medicare Cost Report were
obtained from the National Hospital Rate Setting Study (NHRSS).
These characteristics included ownership status, number ofbeds, and a
dummy indicating location within a standard metropolitan statistical
area (SMSA). All of the hospitals in the data set were nonprofit, due to
the lack of available data for hospitals that merged between 1979 and
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Number of observations: 4,814 (4,217 discharged alive)
Number of hospitals represented: 85
*Appendix A contains a description of each variable.
t Data on postadmission survival are not included in this table since the variable is
censored.
1983. Ninety percent of the patients were at hospitals located within an
SMSA, and 15.6 percent were at church-affiliated hospitals. An indi-
cator of each hospital's financial operating surplus during the three
years prior to DRG implementation was obtained from Hsiao et al.
(1986). The New Jersey DRG schedules of rates, teaching status, and
hospital chain affiliation were obtained from the New Jersey Depart-
ment of Health. Nineteen percent of the patients were at major teach-
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ing hospitals, 20 percent were at minor teaching ho§pitals, and the
remainder were at nonteaching hospitals, as designated by the state of
New Jersey. Over 7 percent of the patients were at hospitals that were
part of a chain. Two county level measures of the availability of medi-
cal services were also obtained from the NHRSS data file. These vari-
ables are the number of patient care doctors per 100,000 people in the
county and the number of nursing home beds per 100,000 Medicare
enrollees in the county.
NURSING BED AVAILABILITY
IN NEW JERSEY
Whether a shortage of nursing home beds exists or not is a controver-
sial issue. Some states claim to have an oversupply of beds and are
restricting construction of new beds, while other states cite high occu-
pancy rates and long waiting lists as evidence of an undersupply. Swan
and Harrington (1986) assessed this issue by comparing ratings from
state officials with statistical results from regression and discriminant
analyses; their analyses identified New Jersey as one of 15 states that
had a shortage of skilled and intermediate beds for each year from 1979
through 1982. The states that the authors identified as having an ade-
quate supply of skilled and intermediate beds in 1982 had a mean of
0.657 beds per 100,000 people aged 65 or older, while the ratio in New
Jersey in 1982 was 0.346 beds per 100,000 elderly.4 The 1980 county
level ratios in the data base used for the estimation ranged from 0.194
beds to 1.44 beds per 100,000 Medicare enrollees. Therefore, the avail-
ability of nursing home beds in New Jersey is limited on average but
varies considerably between counties.
A DESCRIPTIVE ASSESSMENT OF LENGTH
OF STAY AND POSTADMISSION
SURVIVAL
Figure 1 provides the frequency distribution of admissions by length of
stay for cases with stays of up to 35 days; fewer than 4 percent of the
cases had stays of over 35 days. One distribution is drawn for all cases,
while a second distribution is drawn only for cases that were discharged
alive. Two interesting observations may be made. First, 76 patients
died within one day of admission; these cases cause the only notable
difference in the two distributions and most certainly represent cases
where a conscious decision about length of stay was not made by the
physician. Aside from this difference, the two distributions parallel
each other.
A second point of interest is the fact that both distributions show a
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Figure 1: CHF Length of Stay Frequencies by Discharge Status
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pattern that is consistent with the payment incentives for outlier cases.
The distributions both reach a local peak at five days and then decline
temporarily (a pattern consistent with the incentive to keep patients
past the short outlier cutoff of four days). The distributions also both
reach a local minimum at 17 days, but then increase to a local peak at
18 days (a pattern consistent with the incentive to keep some patients
past the long outlier cutoff of 17 days).5
The CHF sample included a total of 597 in-hospital deaths, or
12.4 percent of the cases. The distribution of survival time for the first
year following discharge for cases discharged alive has a shape that is
roughly log normal. A larger number of patients die during the first
two or three months after discharge, but the frequency subsequently
declines slightly and becomes fairly level, indicating that deaths for
patients who survive for several months following discharge are spread
uniformly over time.
In defining the categorical outcome measure, it is necessary to
choose a length of time following treatment that encompasses a long
enough period to have reasonable variance in the dependent variable.
However, the shorter the time period between discharge and the cate-
gorical measure of death, the more likely the outcome will be related to
the conditions for which the patient was admitted and treated. The risk
of dying from CHF is relatively high, and for the estimation in this
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article the categorical measure is defined as the probability of being
discharged dead (12.4 percent) or as the probability of dying within six
months after discharge (22.6 percent).6
ESTIMATIONS OF THE MODEL
As noted earlier, the two-equation empirical model is:
Q1 = q(Xi, ui) = ao + a Xi + ui (1)
Hi(QI,Xi,ei) = bo + bQ.+ b2Xi + ei (2)
The medical provider chooses length of stay, which may affect health
outcome. The error terms ui and ei include any unobserved factors that
affect length of stay and health outcome, respectively. Specification of
patient, provider, and area characteristics for the model, as well as
technical considerations, are discussed before presentation of the esti-
mation results, using two different outcome measures.
SPECIFICATION OF THE LENGTH
OF STAY AND HEALTH OUTCOMES
EQUATIONS
A substantial literature exists on modeling the choice of length of stay.
(See Cannoodt and Knickman 1984, or Hornbrook and Goldfarb
1981.) The inclusion of patient characteristics helps to control for dif-
ferences in case mix and health status. Length of stay is expected to
increase with age and may be higher for nonwhites, if the white
patients have an initially higher health stock or more resources at home
to provide support after discharge. CHF patients without a principal
procedure may have a shorter length of stay if they are admitted briefly
for a relatively minor episode, but the effect of this variable would
depend on the procedures required. Male patients may have shorter
lengths of stay if aftercare in their homes is more readily available than
for females.
The effects of the hospital characteristics are subject to some con-
troversy. Furthermore, separation of the effect of case-mix differences
and organizational efficiency is not possible, although this problem has
been reduced by analyzing a single diagnosis. Teaching-hospital status
and bed size may be positively related to length of stay if these factors
cause a hospital's case mix to be more severe or complicated. However,
Becker and Sloan (1983) find no evidence that teaching hospitals have
higher levels of case-mix-adjusted utilization. Length of stay is hypoth-
esized to be positively related to location within an SMSA (due to the
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potentially more sophisticated nature of urban hospitals) and to church
affiliation (due to the preferences of religious organizations).
Five variables included in the length of stay equation have gener-
ally not been used in previous studies of utilization. Two price variables
are included to assess the effect of the level of the DRG price or
payment for outliers on the choice of length of stay. The variables are
PRICE, which is the hospital's direct care DRG rate per case, and
PROUT, which is the ratio of average charges per patient day for
outliers to the average DRG payment per patient day for inliers. Both
price variables are hypothesized to be positively related to services. An
indicator of multihospital chain affiliation is included, as, hypotheti-
cally, multihospital systems might have shorter lengths of stay because
of the presence of operational efficiencies. A measure of average oper-
ating surplus during the three years preceding implementation ofDRG
reimbursement is used to assess whether the hospital's prior financial
status is related to utilization decisions. Finally, a measure of the esti-
mated volume of CHF cases was included. In the length of stay equa-
tion this measure might be positively related to case-mix severity and
therefore would be positively related to service levels, although higher
volumes might alternatively indicate more experience with the diagno-
sis and, therefore, more efficient treatment.
The modeling of health outcomes is less well developed in the
economics literature, although interest in this matter is increasing.
Riley and Lubitz (1985) estimated a function similar to Equation 2,
using independent variables of patient age and diagnosis as well as
hospital characteristics, but they did not include length of stay because
of its endogeneity. Age is expected to be negatively related to better
outcomes, and whites may be expected to have better health outcomes
if they have a better health stock. The volume of cases at a hospital may
also be positively related to outcome if greater volume leads to better
care, as discussed by Luft and Hunt (1986). However, hospitals with
greater volume may attract more difficult cases, or this effect may be
stronger for surgical than for medical conditions. Additional variables
are included to control for other factors, although it is difficult to
predict a priori what their relationship to outcome will be. For
example, patients who do not undergo any procedures may be milder
cases, or they may be terminally ill cases where a decision is made to
forgo further medical intervention.
Two variables on the availability of medical services within the
hospital's county are included in both the length of stay and health
outcome equations. These variables are the number of physicians per
100,000 people and the number of nursing home beds per 100,000
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Medicare enrollees. Greater availability of nursing home beds may be
negatively related to length of stay. Greater availability of nursing
home beds could also lead to better outcomes, although the more likely
effect may be simply to reduce length of stay and shift hospital deaths
to postdischarge deaths in the nursing home.
TECHNICAL ASPECTS OF THE
ESTIMATIONS
Two different outcome measures are used in separate estimations. One
outcome measure is a continuous measure of survival time following
admission. The second measure is a categorical measure indicating
death at discharge or within six months after discharge. Different esti-
mation techniques are required to accommodate special features of
each of these measures.
Estimation using the continuous survival time measure can be
accomplished by using a Tobit specification for the outcome equation
and by estimating the length of stay and health outcome equation
jointly, as discussed in Maddala (1983) and Nelson (1977). The Tobit
model is a censored regression model in which the dependent variable
is censored at either one or both ends of the distribution. The survival
time data are right-censored if the patient was still alive at the time the
data base was created; the patient is known to have lived at least a
certain number of days following discharge, but the full survival time is
not known. Censoring occurred for 37.6 percent of the CHF cases
discharged alive from the hospital. Joint estimation of the two equa-
tions can be done using maximum likelihood by assuming that the
errors ui and ei are bivariate normally distributed.7
The second estimation of the health outcome equation is done
using a categorical dependent variable defined as in-hospital death,
death within six months, or alive at six months. Conceivably, the
outcome categories might be ordered from "worst" (in-hospital death)
to "best" (alive at six months), and an ordered probit specification
could be used for the outcome equation. Patient discharge decisions,
however, may vary due to differences in physician practice patterns or
in the availability of posthospital services that may affect the recorded
outcome. For example, one physician might not discharge a terminally
ill patient, while a different physician might discharge the same patient
to a nursing home or hospice. Although this decision will affect total
expenditures, an in-hospital death should not be viewed as a "worse"
outcome than death following discharge, as either decision may be
appropriate, depending on the situation, and the patient may have the
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same outcome (i.e., live the same number of days) in either case.
Therefore, a multinomial logit estimation that does not order the dif-
ferent outcomes is an appropriate specification for the outcome equa-
tion in this case.
Joint estimation of the length of stay equation and use of a multi-
nomial logit specification for the categorical outcome equation are
complicated by the fact that a bivariate riormal distribution between
the error terms can no longer be assumed. Since single-equation esti-
mation of the health outcome equation would lead to inconsistent
parameter estimates (because of the endogeneity of length of stay and
the hypothesized correlation in the error terms), an alternative
approach is to use predicted rather than actual length of stay as a right-
hand side variable in single rather than joint estimation of the health
outcome equation. Although this procedure, which is analogous to
two-stage least squares, results in consistent estimates when it is used in
an ordinary least squares (OLS) estimation, the use of predicted length
of stay in a multinomial logit estimation of health outcomes results in
parameter estimates that are not fully consistent and that cannot be
rescaled in an easy, straightforward manner. However, single-equation
estimation of the health outcome equation using the predicted value of
length of stay provides parameter estimates that are "reasonable" in the
sense that the sign and significance level of the estimates should be the
same as those that would be obtained using an adjustment to get
consistent estimates.8
A final technical consideration pertains to the fact that a single
patient may have multiple observations within the file. Therefore,
some of the observations are not independent, and correlations may
exist in the error term among observations on the same person. This
situation does not affect the consistency of the parameter estimates, but
it may lead to inconsistent estimates of the standard errors. It was not
possible to identify multiple observations for the same individual and
to determine the extent of this problem or make a correction. There-
fore, caution should be used in assessing the significance of the coeffi-
cients, and correcting this problem by using data files with patient
identifiers would be useful in future estimations of the model.
Table 2 presents the results from both estimations. The natural log
transformation was used for all continuous variables. In considering
the results in Table 2, it is important to remember that outcome is
measured positively (i.e., as survival following admission) in the joint
Tobit estimation but is measured negatively (i.e., as death at or following
discharge) in the multinomial logit estimation. Therefore, the signs of
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-2*log likelihood: 27,673 (Joint Tobit); 8,296 (Multinomial Logit)
Joint Tobit estimate of the covariance between e and u: -0.160 (0.183)
Discharged dead: 597 (12.4%)
Dead within six months: 1,086 (22.6%)
*Indicates significance at the 5 percent level for a one-tail test.
t Standard errors in parentheses.
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some of the coefficients in the health outcome equation will be reversed
between the two estimations.
ESTIMATION RESULTS USING
POSTADMISSION SURVIVAL
The joint Tobit estimation of the two-equation model is presented in
columns 1 and 2 of Table 2. Coefficient estimates that are significant at
the 5 percent level are starred. The results for the length of stay equa-
tion show that length of stay increases significantly with age, is lower
for whites, and is lower if no procedure is performed. Length of stay
also decreased significantly between 1982 and 1983. The only hospital
variable with a significant coefficient is the PRICE variable, indicating
that length of stay is longer at hospitals that receive a higher payment
per case. However, this result may reflect historical patterns of care at
a hospital that led to the higher price rather than simply a reaction to
the DRG price. Length of stay for CHF cases is significantly shorter
for patients in counties with higher levels of nursing home beds per
100,000 Medicare enrollees, indicating that availability of posthospital
services may affect discharge decisions.
The results for the outcome equation show that the parameter
estimates for the effect of length of stay on postadmission survival is
positive but not significant at the 5 percent level. It is interesting that
single-equation estimation of the health outcome equation yielded an
inconsistent coefficient estimate for length of stay that was negative
and significant, indicating that longer lengths of stay are directly cor-
related with worse health outcomes when one does not control for
severity of illness. Incorporating the information available from the
correlation into the error terms in the two equations provides an effi-
cient estimate of the relationship between length of stay and outcome
that controls for aspects of illness severity reflected in the error terms.
Although prospective payment has led to decreases in length of stay,
the empirical results indicate that length of stay for congestive heart
failure patients has not decreased to the point where an increase in
length of stay could bring about a significant increase in the survival
time following admission.
Other significant results from the outcome equation include the
fact that age is negatively correlated with postadmission survival and
that males and patients not requiring procedures are likely to live
longer. The positive coefficient on the male variable may reflect some
other underlying relationship. For example, men may be more likely to
have a live spouse who can provide quality aftercare at home following
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hospital discharge. Patients at hospitals in SMSAs appear to have
longer survival times, and patients at larger hospitals appear to have
shorter survival times. The coefficient for the variable measuring vol-
ume of CHF cases at each hospital is insignificant, providing no evi-
dence that higher volume is likely to lead to better outcomes for
congestive heart failure patients.
The estimate of the correlation between ui and ei is negative, which
is consistent with the conceptual basis for joint estimation of the two
equations. The error terms in each equation reflect, at least in part,
information on severity of illness that is observed by the medical pro-
vider but not by the regulator or analyst. These factors lead the medi-
cal provider to increase services to the patient, but they also are





Columns 3 and 4 in Table 2 present the results from the multinomial
logit estimation of the categorical outcome variable; the omitted cate-
gory is "alive at six months." The results for the length of stay coeffi-
cients used to obtain predicted values are not presented, since they are
identical in sign and significance to the estimated coefficients from the
joint estimation results presented in column 1 and discussed in the
previous section. In the health outcome equation, the coefficient for
predicted length of stay is insignificant for both categories of death,
thus providing no evidence that longer lengths of stay would increase
the probability of postadmission survival. Age is positively and signifi-
cantly related to the probability of being discharged dead, or of dying
within six months relative to being alive at six months. None of the
other coefficient estimates are significant except the relationship
between the financial surplus variable and the probability of death
within six months. However, since this variable represents the hospi-
tal's financial surplus during the three years prior to DRG reimburse-
ment, this relationship may indicate a tendency of financially secure
hospitals to treat more severely ill patients rather than some other
effect.
An interesting pattern exists for the relationship between the nurs-
ing home beds ratio and the outcome probabilities for the multinomial
logit estimation. The more nursing home beds per 100,000 Medicare
enrollees, the less likely a patient is to be discharged dead (relative to
the omitted category of being alive at six months). However, nursing
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home bed availability is not significantly related to the probability of
death within six months of discharge (relative to the omitted category
of being alive at six months). These results are consistent with the
hypothesis that the increased availability of posthospital services may
affect the provision of terminal care. When more nursing home beds
are available, terminally ill patients may be more likely to be dis-
charged to nursing homes for less aggressive and potentially more
appropriate palliative care.
SUMMARY
The results in this article provide a very preliminary exploration of the
relationship between length of stay and health outcome. Subject to this
qualification, however, the model and estimations provide some inter-
esting insights. First, the approach used in this study utilizes informa-
tion on the correlation between the error terms in equations for length
of stay and outcome. The estimation method allows for incorporation
of unobserved aspects of a patient's severity of illness that undoubtedly
affect the length of stay chosen by the physician as well as the health
outcome. Similar approaches may be useful to researchers interested in
issues of quality of care and health outcome.
A second contribution of the article lies in the evidence from the
estimations. The results show no indication that longer lengths of stay
led to better postadmission survival time for CHF patients in New
Jersey in 1982 and 1983. Although the outcome measure used is a very
rough one, an assessment of postadmission mortality rates provides an
important starting point for analyses of quality of care. Second, the
estimations provide evidence in support of the intuitive hypotheses that
length of stay is inversely related to the number of nursing home beds
and that greater availability of nursing home beds may cause a shift in
locating the provision of terminal care from the hospital to other
settings.
Ultimately, better measures of outcome, such as readmission rates
or functional status, could be used. Although the observed variation in
length of stay was not found to be significantly related to postadmission
survival, the possibility that other measures of outcome or quality were
affected by the variation in services cannot be ruled out. Additional
data including indicators of patient discharge disposition and physician
characteristics could be used to develop a more refined analysis. The
estimations would also be enhanced by including measures of the avail-
ability of other posthospital services, such as home health care.
46 HSR: Health Services Research 26:1 (April 1991)
Finally, the results lead to some important policy questions. Ear-
lier discharge to a lower level of care may be appropriate in a number
of cases and may result in a reduction in expenditures, but earlier
discharge may not be possible for various reasons. Utilization of post-
hospital services may be subject to a supply constraint, particularly for
nursing home services. Alternatively, other barriers may prohibit
appropriate substitution and utilization of less expensive posthospital
services. For example, Medicare will not cover nursing home care
unless the patient meets stringent skilled care criteria. A Medicare
patient who requires intermediate nursing care but does not have other
health insurance might be kept in the hospital by the physician rather
than discharged to a nursing home. In order to achieve reductions in
health expenditures and to maintain the quality of care, policies to
increase the availability of substitute services or to increase access to
the services that exist may need to be introduced.
APPENDIX A
VARIABLES SOURCES AND DESCRIPTIONS
Table Al: Patient Level Variables
Variable
Name Description and Source
ADMSURV Sum of LOS and SURVIVE (Since SURVIVE is censored,
this variable is censored, also)
AGE Age at time of admission (MEDPAR File)
D83 1 = 1983 Discharge, 0 = 1982 Discharge
(Computed from MEDPAR File)
ALIVE2 1 = Alive at 2 months after discharge
0 = Dead at 2 months after discharge
(Dichotomous indicator constructed using SURVIVE)
ALIVE6 1 = Alive at 6 months after discharge
0 = Dead at 6 months after discharge
(Dichotomous indicator constructed using SURVIVE)
ALIVE12 1 = Alive at 12 months after discharge
0 = Dead at 12 months after discharge
(Dichotomous indicator constructed using SURVIVE)
CENSOR 1 = SURVIVE variable is censored, 0 = SURVIVE is not
censored
DEAD 1 = In-hospital death, 0 = Discharged alive (MEDPAR File)
DNOPROC 1 = No primary surgical procedure performed
0 = A primary procedure indicated
(Computed from MEDPAR File for congestive heart failure
cases only)
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LOS Hospital length of stay (MEDPAR File)
MALE 1 = Male, 0 = Female (Computed from MEDPAR File)
OUTLIER 1 = Case paid according to controlled charges
0 = Case paid according to DRG fixed price (PRICE)
OUTLONG 1 = Long length of stay outlier, 0 = Otherwise
OUTSHORT 1 = Short length of stay outlier, 0 = Otherwise
SURVIVE Number of days alive after discharge (Constructed by
comparing the discharge date on the MEDPAR file with the
date of death added to the MEDPAR file by HCFA)
WHITE 1 = White, 0 = Nonwhite (MEDPAR File)
Table A2: Facility and County Level Variables
Variable
Name Description and Source
BEDS Number of beds at the hospital
(National Hospital Rate Setting Study)
CHURCH 1 = Nonprofit-Church ownership,
0 = Other facility ownership (primarily nonprofit)
(National Hospital Rate Setting Study)
DSMSA80 1 = Hospital located in an SMSA, 0 = Otherwise
(National Hospital Rate Setting Study)
ESTVOL1 Estimated number of annual admissions for the respective DRG
(Computed from MEDPAR File)
HOSSYS 1 = Part of a multihospital system, 0 = Otherwise
(State of New Jersey, Department of Health)
PRICE Fixed DRG rate corresponding to the DRG classification assigned
to the discharge (Obtained from the State of New Jersey,
Department of Health, courtesy of HCFA)
PROUT The ratio of average charges per patient day for outliers to the
expected DRG payment per day (Computed from MEDPAR File
and the PRICE variable)
SURPLUS Average operating surplus during 3 years prior to DRG
implementation (Computed from AHA Annual Survey by
Hsiao et al. 1986)
TEAMAJ 1 = major teaching hospital, 0 = Otherwise
(State of New Jersey, Department of Health)
TEAMIN 1 = Minor teaching hospital, 0 = Otherwise
(State of New Jersey, Department of Health)
NHBPT18 1980 Nursing home beds per 100,000 Medicare enrollees in the
county (Master Facility Inventory Data, Area Resource File)
PHYSPOP 1980 Patient care doctors per 100,000 population in the county
(Area Resource File)
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APPENDIX B
THE LIKELIHOOD FUNCTION AND MODEL
ESTIMATION
The two-equation model for services and health outcome can be char-
acterized as the estimation of the joint probability Pr (Q,HiXi). The
likelihood function for this model is similar to the likelihood derived by
Nelson (1977) for unobserved stochastic censoring thresholds. A health
outcome measure of true log survival time may be denoted Yi*, and
observed log survival time is defined as:
Yi = Yi* if 0 < Yi* < Li (i.e., true survival time is known)
y = Li if Yi* > Li. (i.e., survival time is censored)
Letfle, u) be the joint density of ei and ui, and write the joint density as
the product of the marginal and conditional densities:
Ae,u) = Au)AeIu)
where elu is normal with conditional mean (Our/Ou2)u and conditional
variance U2'eu = a2 - (aru/au)2
let Mi = {[Yi - h(Q,,Xi)]/ar}
The likelihood function for the one-limit Tobit model is:
L= H (1/Or) +(M) II [1 - (M)]
Y= Y* Y=L
The equation for outcome is estimated jointly with the equation for
services. The likelihood function for this estimation is:
L = H +(u) (1/aelu) +(W) II +(U) [1 - +(W)]
Y= Y* Y=L
where +(u) is the probability density function of u and 4s(W) is the
cumulative distribution function of W, which is defined as:
W = (I/Oreu) [M - (ae/a02)uI
This likelihood function can be estimated using an iterative technique.
The technique used for the estimation is the method of scoring, and all




The development of this article was greatly facilitated by comments
from Barbara Wolfe, Doug Wissoker, and Steve Berry. Burton
Weisbrod and James Powell also provided many useful insights. The
data were obtained from the Health Care Financing Administration
and Abt Associates, Inc. All opinions and any errors are attributable to
the author.
NOTES
1. In studying a related issue, Sager, Leventhal, and Easterling (1987) found
a shift in the location of death from a hospital setting to a nursing home
setting for Wisconsin Medicaid beneficiaries following implementation of
the Medicare prospective payment system. Davis (1987) noted that such a
shift may represent increasing cost consciousness on the part of physicians
but may also reflect some other sociological trend.
2. These numbers come from several sources of data during the period 1980
to 1986. Nursing home care includes skilled, intermediate, and residential
homes. See Meiners and Coffey (1984), Rich and Freedland (1988), and
Neu and Harrison (1988).
3. The merged MEDPAR file and Medicare Cost Report data were obtained
through the generosity of HCFA and the National Hospital Rate Setting
Study conducted by Abt Associates, Inc.
4. Swan and Harrington used data on only skilled and intermediate beds from
the Institute on Health and Aging. These authors reasoned that the
National Master Facilities Inventory (NMFI), collected biennially by the
National Center for Health Statistics, overestimates the number of beds
because it includes residential care beds and double-counts some skilled
nursing and intermediate care beds. In 1982, the average number of nurs-
ing home beds per 100,000 elderly in New Jersey was 0.412, according to
the NMFI, and by 1986, the ratio had increased to 0.475.
5. The definition and treatment of length of stay outliers under the New
Jersey system in 1983 differed substantially from the Medicare PPS sys-
tem, in two respects. The Medicare PPS system does not have short length
of stay outliers, and hospitals receive only a small extra payment for each
day a patient is kept beyond the cutoff point. Under the New Jersey
system, hospitals were paid for both short and long length of stay outliers,
according to controlled charges for each day of the stay. A New Jersey
hospital faced financial incentives to keep some patients just past the short
length of stay cutoff in order to make a large profit on them and to keep a
patient whose cost exceeded the DRG price past the upper cutoff point
when possible, in order to receive the higher payment of controlled
charges. The state of New Jersey has modified its method of paying for
outliers since 1983.
6. While the in-hospital death rate is an accurate reflection of the proportion
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of CHF patients who are discharged dead, the rate of in-hospital deaths
and the rate of death within six months following discharge for live dis-
charges should not be added together to get a single estimate of the death
rate within six months for all admissions. The data file undoubtedly con-
tains multiple admissions for some Medicare beneficiaries; for example, a
congestive heart failure patient may have one hospital admission and be
discharged alive but be admitted again four months later and then die in
the hospital. In this case, the single patient would be represented in both
categories, and double-counting would result if the categories were added
together.
7. The estimation technique and likelihood function are discussed in Appen-
dix B.
8. As noted by an anonymous reviewer, Lee (1983) has shown that any
random variable (e) can be transformed into a standard normal random
variable, so that both equations in the multinomial logit model could have
been estimated jointly, and efficient and consistent parameter estimates
could be obtained. However, this more complicated estimation was not
undertaken since it was not expected to affect the sign or significance of the
parameter estimates.
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